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Abstract
Selective Audio Filtering for Enabling Acoustic Intelligence in
Mobile, Embedded, and Cyber-Physical Systems

Stephen Xia

We are seeing a revolution in computing and artificial intelligence; intelligent machines
have become ingrained in and improved every aspect of our lives. Despite the increasing number of
intelligent devices and breakthroughs in artificial intelligence, we have yet to achieve truly intelli-
gent environments. Audio is one of the most common sensing and actuation modalities used in in-
telligent devices. In this thesis, we focus on how we can more robustly integrate audio intelligence
into a wide array of resource-constrained platforms that enable more intelligent environments. We
present systems and methods for adaptive audio filtering that enables us to more robustly embed
acoustic intelligence into a wide range of real-time and resource-constrained mobile, embedded,
and cyber-physical systems that are adaptable to a wide range of different applications, environ-
ments, and scenarios.

First, we introduce methods for embedding audio intelligence into wearables, like headsets
and helmets, to improve pedestrian safety in urban environments by using sound to detect vehi-
cles, localize vehicles, and alert pedestrians well in advance to give them enough time to avoid a
collision. We create a segmented architecture and data processing pipeline that partitions computa-
tion between embedded front-end platform and the smartphone platform. The embedded front-end
hardware platform consists of a microcontroller and commercial-off-the shelf (COTS) components

embedded into a headset and samples audio from an array of four MEMS microphones. Our em-



bedded front-end platform computes a series of spatiotemporal features used to localize vehicles:
relative delay, relative power, and zero crossing rate. These features are computed in the embedded
front-end headset platform and transmitted wirelessly to the smartphone platform because there is
not enough bandwidth to transmit more than two channels of raw audio with low latency using
standard wireless communication protocols, like Bluetooth Low-Energy. The smartphone plat-
form runs machine learning algorithms to detect vehicles, localize vehicles, and alert pedestrians.
To help reduce power consumption, we integrate an application-specific integrated circuit into our
embedded front-end platform and create a new localization algorithm called angle via polygonal
regression (AvPR) that combines the physics of audio waves, the geometry of a microphone array,
and a data-driven training and calibration process that enables us to estimate the high resolution
direction of the vehicle while being robust to noise resulting from movements in the microphone
array as we walk the streets.

Second, we explore the challenges in adapting our platforms for pedestrian safety to more gen-
eral and noisier scenarios, namely construction worker safety sounds of nearby power tools and
machinery that are orders of magnitude greater than that of a distant vehicle. We introduce an
adaptive noise filtering architecture that allows workers to filter out construction tool sounds and
reveal low-energy vehicle sounds to better detect them. Our architecture combines the strengths
of both the physics of audio waves and data-driven methods to more robustly filter out construc-
tion sounds while being able to run on a resource-limited mobile and embedded platform. In
our adaptive filtering architecture, we introduce and incorporate a data-driven filtering algorithm,
called probabilistic template matching (PTM), that leverages pre-trained statistical models of con-
struction tools to perform content-based filtering. We demonstrate improvements that our adaptive
filtering architecture brings to our audio-based urban safety wearable in real construction site sce-
narios and against state-of-art audio filtering algorithms, while having a minimal impact on the
power consumption and latency of the overall system. We also explore how these methods can be
used to improve audio privacy and remove privacy-sensitive speech from applications that have no

need to detect and analyze speech.



Finally, we introduce a common selective audio filtering platform that builds upon our adaptive
filtering architecture for a wide range of real-time mobile, embedded, and cyber-physical appli-
cations. Our architecture can account for a wide range of different sounds, model types, and
signal representations by integrating an algorithm we present called content-informed beamform-
ing (CIBF). CIBF combines traditional beamforming (spatial filtering using the physics of audio
waves) with data-driven machine learning sound detectors and models that developers may already
create for their own applications to enhance and filter out specified sounds and noises. Alterna-
tively, developers can also select sounds and models from a library we provide. We demonstrate
how our selective filtering architecture can improve the detection of specific target sounds and fil-
ter out noises in a wide range of application scenarios. Additionally, through two case studies,
we demonstrate how our selective filtering architecture can easily integrate into and improve the
performance of real mobile and embedded applications over existing state-of-art solutions, while
having minimal impact on latency and power consumption. Ultimately, this selective filtering ar-
chitecture enables developers and engineers to more easily embed robust audio intelligence into
common objects found around us and resource-constrained systems to create more intelligent en-

vironments.
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Chapter 1: Introduction

We are seeing a revolution in computing and arti cial intelligence; intelligent machines have
become ingrained in and improved every aspect of our lives. Despite the increasing number of in-
telligent devices and breakthroughs in arti cial intelligence, we have yet to achieve truly intelligent
environments. Many of our cities, homes, and of ces are becoming “smarter" primarily because
there is an ever-growing number of smart devices tailored to speci c tasks being released every
year. However, these devices are still not being utilized jointly to their maximum potential [1].
There are a wide range of different sensing modalities used in intelligent devices including, but
not limited to vision, touch, temperature, and light. Audio is one of the most common sensing and
actuation modalities used in intelligent devices. In this thesis, we focus on how we can more ro-
bustly integrate audio intelligence into a wide array of resource-constrained platforms that enable
more intelligent environments.

We explore methods to embed audio intelligence into wearables, sensor networks, and common
objects found all around us to enable a wide range of intelligent audio-based applications. The
number of smart devices in our environments is growing rapidly. In the home space, the market
for home-based smart devices is expected to grow from USD 102 billion in 2021 to USD 182
billion by 2025 [2]. We are also expecting to see a similar trend in the wearables market, which
is projected to grow from USD 116.2 billion in 2021 to USD 265.4 billion by 2026 [3]. Many of
these devices use audio as a means to communicate with people, as well as sense and understand
the physical world. In 2020, the smart personal audio device gre@0Oby [4]. From 2019 to
2025, the smart speaker market, alone, is expected to grow from USD 7.1 billion to USD 15.6
billion [5]. This drastic increase in smart devices and audio devices opens many opportunities, as
well as challenges, to make our environments more intelligent and improve our quality of life.

Audio-based smart devices use microphones to listen to the environment and analyze sounds



Figure 1.1: Examples of environments and application scenarios that a combined selective ltering
framework could bene t, including: i) home environments: enhancing command phrases while
Itering loud music that could make detection more dif cult, ii) urban safety: enhancing vehicle
sounds and Itering out construction sounds that make detection more dif cult, iii) audio privacy:

for example, Itering out privacy sensitive speech in a mobile sleep monitoring application that
records and analyzes only breathing and sleep sounds, iv) entertainment: for example, enhancing
the sound of animals at a zoo while lItering wind and other noises, and many more not shown.

using machine learning and signal processing algorithms to execute tasks and provide services.

Often, the system needs to detect and analyze speci ¢ sound(s), while disregarding all others. This



raises two major concerns in embedding acoustic intelligence into resource-constrained mobile,
embedded, and cyber-physical platforms. First, there are many instances where the target sound
is dif cult to detect and analyze because otheises in the environment can overpower the target
sound Second, many intelligent audio devices listen to the environment for long periods of time,
where most of the time the target sound is not present. In these situationdewces may be
recording and listening to sounds in the environment that may pose privacy risks

A combined Itering framework, where users can select speci ¢ sounds to keep and enhance or
remove and lter may be extremely bene cial to a wide range of different applications. Examples
of such applications are shown in Figure 1.1, which is by no means an exhaustive list. For example,
in the home environment space, a smart assistant may have trouble detecting spoken commands
if loud music or other noises are present. A lter that can enhance speci c command phrases,
while Itering out music, would be greatly enhance the usability of the home assistant. In the
urban safety space, a selective ltering architecture would enable audio-based safety wearables
to Iter out loud construction noises that overpower vehicle sounds to better detect and localize
oncoming vehicles. In the audio privacy space, a selective ltering architecture that can Iter out
speech, while retaining or enhancing other sounds in the environment (e.g., breathing sounds for
sleep monitoring), would greatly improve the privacy of individuals. As a nal example, in the
entertainment space, a selective lItering architecture that can Iter out noisy wind and enhance
animal sounds in a zoo-based augmented or virtual reality wearable could greatly improve the user
experience. There are an in nite number of scenarios where structured noises adversely affect the
performance of acoustic detectors or pose a privacy risk, both of which are major challenges in
realizing robust acoustic intelligence in many mobile, embedded, and cyber-physical applications.

In addition to challenges related to the detection performance of acoustic-based smart appli-
cations, there are a number of systems-based considerations that make this problem even more
challenging. First, many smart-devices that are embedded into our homes, of ces, and environ-
ments have limited computational resources. Second, many of these applications need to run in

real-time. Because of these constraints, the methods we design need to be capable of running on



resource-constrained platforms like mobile phones and embedded microcontrollers; relying on of-
oading computation to GPU-equipped servers or the cloud is not feasible in many scenarios due
to latency.

We present systems and methods for adaptive audio ltering that enables us to more robustly
embed acoustic intelligence into a wide range of real-time and resource-constrained mobile, em-
bedded, and cyber-physical systems that are adaptable to a wide range of different applications,

environments, and scenarios.

1.1 Main Components and Contributions

In this section, we present an overview of the main contributions of this thesis. We divide the
contributions of this thesis into three main components. First, we introduce methods for embed-
ding audio intelligence into wearables, like headsets and helmets, to impedestrian safetin
urban environments by using sound to detect vehicles, localize vehicles, and alert pedestrians well
in advance to give them enough time to avoid a collision. Second, we explore the challenges in
adapting our platforms for pedestrian safety to more general and noisier scenarios, camely
struction worker safetyvhere there are sounds of power tools and machinery that are orders of
magnitude greater than that of a typical vehicle. We introducadaptive noise Itering architec-
turethat allows workers to Iter out construction tool sounds and reveal low-energy vehicle sounds
to better detect them. We also explore how these methods can be used to improve audio privacy
and remove privacy-sensitive speech from applications that have no need to detect and analyze
speech. Finally, we introducea@mmmon selective audio ltering framewotikat builds upon our
adaptive lItering architecture for a wide range of real-time mobile, embedded, and cyber-physical
applications. This architecture enables developers to select, not only noises to Iter out, but also
sounds to keep and enhance for their unique applications. This architecture is also capable of sup-
porting a wide range of different detector and sound model types, allowing us to more robustly
integrate audio intelligence into a wide range of different mobile, embedded, and cyber-physical

applications.



1.1.1 Embedded Acoustic Intelligence for Improving Pedestrian Safety

With the prevalence of smartphones, pedestrians and joggers today often walk or run while
listening to music. Since they are deprived of their auditory senses that would have provided im-
portant cues to dangers, they are at a much greater risk of being hit by cars or other vehicles. In
Chapter 2, we introduce an audio wearable for detecting vehicles, localizing vehicles, and alerting
pedestrians in advance to prevent pedestrian-vehicle accidents. We embed a headset wearable with
an array of microphones and an embedded front-end platform. We create a segmented architecture
and data processing pipeline that partitions computation between embedded front-end platform
and the smartphone platform. The embedded front-end hardware platform consists of a micro-
controller and commercial-off-the shelf (COTS) components and samples audio from an array of
four MEMS microphones. Our embedded front-end platform computes a series of spatiotemporal
features used to localize vehicles: relative delay, relative power, and zero crossing rate. These fea-
tures are computed in the embedded front-end headset platform and transmitted wirelessly to the
smartphone platform because there is not enough bandwidth to transmit more than two channels of
raw audio with low latency using standard wireless communication protocols, like Bluetooth Low-
Energy. Finally, the smartphone platform runs machine learning algorithms to detect vehicles,
localize vehicles, and alert pedestrians.

To help reduce power consumption, we integrate an application-speci c integrated circuit
(ASIC effort led by Daniel de Godoy [6]) into our embedded front-end platform in the second
phase of this work. However, because the ASIC computes only one speci ¢ feature that we use
in localizing vehicles, we lose many of the spatio-temporal features we required to estimate the
location of vehicles. As such, we create a new localization algorithm cafigteé via polygonal
regressionAvPR) that combines the physics of audio waves, the geometry of a microphone array,
and a data-driven training and calibration process that enables us to estimate the high resolution
direction of the vehicle while being robust to noise resulting from movements in the microphone

array as we walk the streets.



1.1.2 Adaptive Noise Filtering for Improving Construction Worker Safety and Audio Privacy

In Chapter 3, we adapt our pedestrian safety platform, introduced in Chapter 2, for improving
construction worker safety. Because construction workers are using power tools and machinery
that are orders of magnitude greater than that of oncoming vehicles, our audio wearable pedestrian
safety platform had dif culty hearing and detecting vehicles. To address this challenge, we intro-
duce aradaptive audio noise ltering architectut® Iter out construction sounds, enabling us to
better detect vehicle sounds. Our architecture combines the strengths of both the physics of audio
waves and data-driven methods to more robustly Iter out construction sounds while being able to
run on a resource-limited mobile and embedded platform. In our adaptive ltering architecture, we
introduce and incorporate a data-driven ltering algorithm, cajpedbabilistic template match-
ing (PTM), that leverages pre-trained statistical models of construction tools to perform content-
based ltering. We demonstrate improvements that our adaptive Itering architecture brings to our
audio-based urban safety wearable in real construction site scenarios and against state-of-art audio

Itering algorithms, while having a minimal impact on the power consumption and latency of the
overall system.

We also explore how our adaptive ltering architecture can be used to improve the privacy of
smart home applications that use audio to analyze speci ¢ sounds in the environment (e.g., breath-
ing sounds for monitoring sleep quality), but can also record other non-required privacy-sensitive
signals (e.g., speech). In these applications, we show how our adaptive noise ltering architec-
ture can be used to remove privacy-sensitive signals, like speech, while minimally impacting the

performance of detecting target sounds.

1.1.3 A Common Selective Audio Filtering Framework for Mobile, Embedded, and Cyber-Physical

Systems

In Chapter 4 we extended the adaptive ltering architecture introduced in Chapter 3 to a wide
range of different applications and scenarios. Speci cally, Chapter 3 gave us insight into how

audio ltering could be used to improve the detection performance of vehicles by Itering out
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construction sounds in a construction site, where we expect both vehicles and construction noises
to be present. From this work, we realize that there are numerous applications, beyond urban
safety, that could potentially bene t from an audio Itering architecture that enables developers
and engineers to select speci ¢ sounds to enhance and keep (target sounds) while Itering out and
removing other sounds they expect to interfere with their systems (noises). We accomplish this
goal by introducing @ommon selective audio Itering framewaitkat is adaptable to a wide range

of different sounds, noises, and applications. Our architecture can account for a wide range of
different sounds, model types, and signal representations by integrating an algorithm we create
called content-informed beamformin@IBF). CIBF combines traditional beamforming (spatial
ltering using the physics of audio waves) with data-driven machine learning sound detectors and
models that developers may have already created for their own applications to enhance and Iter
out speci ed sounds and noises. Alternatively, developers can also select sounds and models from
a library we provide.

We demonstrate how our selective Itering architecture can improve the detection of specic
target sounds and Iter out noises in a wide range of application scenarios. Additionally, through
two case studies, we demonstrate how our selective ltering architecture can easily integrate into
and improve the performance of real mobile and embedded applications over existing state-of-art

solutions, while having minimal impact on latency and power consumption.

1.2 Contributions to Literature

The audio wearable platform for improving pedestrian safety was published in the ACM/IEEE
International Conference on Internet of Things Design and Implementation 2018 (loTDI'18) [7]
and the IEEE Internet of Things Journal 2019 (IoTJ'19) [8]. This research also received the Best
Demo Runner Up Award (ACM SenSys 2016) [9], Best Demo Award (ACM/IEEE 10TDI'18) [10],
Best Presentation Award (IEEE VNC'18), and Best App Runner Up Award (IEEE VNC'18) [11].
This work has also been featured by various news and media outlets including New York Post,

IEEE Spectrum, Fast Company, Mashable, Gizmodo, The Telegraph, Engineering.com, India



Times, and IEEE Signal Processing Magazine. Our work on adaptive audio noise Itering for
construction worker safety and audio privacy has been published in the ACM/IEEE International
Conference on Information Processing in Sensor Networks 2021 (IPSN'21) [12] and the Second
International Workshop on Challenges in Arti cial Intelligence and Machine Learning for Internet
of Things (AlChallengeloT'20) [13]. The common selective audio ltering platform for mobile,
embedded, and cyber-physical systems will appear later this year in the ACM/IEEE International

Conference on Information Processing in Sensor Networks 2022 (IPSN'22).



Chapter 2: Embedded Acoustic Intelligence for Improving Pedestrian Safety

Smartphones have transformed our lifestyles dramatically, mostly for the better. Unfortunately,
smartphone usage while walking has become a serious safety problem for many people in urban
areas around the world. Pedestrians listening to music, texting, talking or otherwise absorbed in
their phones are putting themselves at risk by tuning out the traf c around them [14], as reported
by the Washington Post. Since a pedestrian is deprived of auditory input that would have provided
important cues to dangers such as honks or noises from approaching cars, he or she is at a much
greater risk of being involved in a traf ¢ accident. We have seen a sharp increase in injuries and
deaths from such incidents in recent years. According to a study by Injury Prevention and CNN, the
number of serious injuries and deaths occurring to pedestrians who were walking with headphones
has tripled in the last seven years in the United States [15]. This phenomenon affects cities globally,
and is an important societal problem that we want to address by introducing advanced sensing
techniques and intelligent wearable systems.

In this chapter, we present PAWSPadestrian Audio Wearable Systaimed for urban safety.

The PAWS project is in collaboration with my colleagues both at Columbia University and the
University of North Carolina at Chapel Hill. PAWS is a low-cost headset-based wearable platform
that combines four MEMS microphones, signal processing and feature extraction electronics, and
machine learning classi ers running on a smartphone to Hetpctandlocateimminent dangers,

such as approaching cars, amdrn pedestrians in real-time. Figure 2.1 shows PAWS in action.

We take an audio approach to detect, localize, and alert users to oncoming vehicles in real-time
and in a resource-limited wearable. Works that leverage sensors that provide more rich information
about the environment, such as camera or LIDAR, have high computational and battery require-
ments, making it dif cult to create a long-lasting battery-powered platform. Although audio does

not provide as rich information about the environment as sensors like cameras, standard micro-
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Figure 2.1: An inattentive pedestrian wearing a PAWS headset, and a screen shot of the PAWS
application user interface.

phones provid860degree coverage and require less computation to sample and extract features.

With newer smartphones equipped with multiple built-in microphones, it may be tempting to
re-purpose those microphones in software to localize cars based on common localization tech-
niques. However, these approaches require the user to constantly hold their phones steady and to
not block the built-in microphone while walking [16][17]. Further, most built-in microphones are
designed for voice and are often band-limited. These two limitations prevent the smartphone from
capturing useful features produced by approaching cars in realistic urban environments.

This is a challenging problem as the battery-powered wearable platform needs to detect, iden-
tify, and localize approaching cars in real-time, process and compute large amounts of data in an
energy and resource constrained system, and produce accurate results with minimal false positives
and false negatives. For example, if a user's reaction-tirs@dmns, the system ha&60ms to de-
tect a25mph car and alert the user when itliém away. This problem is further compounded by
high levels of mixed noise, typical of realistic street conditions.

We address these challenges over two phases of design and development. In the rst phase

(PAWS), we develop a segmented architecture and data processing pipeline that partitions com-
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putation into processing modules across a front-end hardware platform and a smartphone. The
microcontroller-based front-end hardware platform consists of commercial off-the-shelf (COTS)
components embedded into a standard headset and collects four channels of audio from four
MEMS microphones that are strategically positioned on the headset. Temporal-spatial features
such as relative delay, relative power, and zero-crossing rate are computed inside the front-end
platform using the four channels and transmitted wirelessly to a smartphone. A fth standard
headset microphone is also connected to the audio input of the smartphone, and together with the
data sent from the front-end platform, classi ers are trained and used to detect an approaching car
and estimate its azimuth and distance from the user.

In the second phase of development (PAWS Low-Energy), we tackle the challenge of power
consumption through the design and implementation of an application-speci c integrated circuit to
extract some of the computationally expensive features. We also develop new methods to increase
the accuracy and granularity of our audio-based vehicle localization. We evaluate PAWS using
both controlled experiments inside parking lots and real-world deployments on urban streets.

We summarize the major points of this chapter below:

* We incorporate a new acoustic featudan-Uniform Binned Integral Periodogram, which
is designed to capture frequency domain characteristics of low-frequency noise-like sounds,
such as the sound produced by the friction between a car's tires and the road. We develop

classi ers to recognize and localize cars approaching the user in real-time.

* We create PAWS, a low-cost, end-to-end wearable system using COTS components ac-
companied with a smartphone application to provide real-time alerts of oncoming cars to
pedestrians in noisy urban environments. We demonstrate that inattentive pedestrians can

immediately bene t from our system.

* We present a second systePAWS Low-Energy, that improves upon the power consump-
tion of our COTS implementation by of oading critical and computationally expensive fea-

tures onto an application-speci c integrated circuit, developed by our collaborators [6]. We
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additionally introducéngle via Polygonal RegressiolfAvPR), an easily calibrated method

for estimating the direction of arrival of car sounds. AvPR improves upon the granularity of
direction estimates over the classi cation approach employed in PAWS and accommodates
for noise better than classical geometric approaches (e.g. triangulation) for estimating direc-

tion, while remaining computationally inexpensive.

» We develop a segmented architecture and data processing pipeline that intelligently parti-
tions tasks across the front-end hardware and the smartphone and ensures accuracy while

minimizing latency.

As the industry is investing heavily in intelligent headphones [18][19], our hardware-software
co-design approach presents a compelling solution towards protecting distracted pedestrians in

urban environments.

2.1 Related Work

Object recognition and localization have been vastly explored in the literature. Almost all of
them mirror techniques that are present in nature, such as the use of stereo imaging [20], ultrasonic
radars [21], and acoustic source localization [22]. In vehicular tracking, video based approaches
have been widely used [23][20][24]. The amount of information that can be extracted from im-
ages is undoubtedly greater than any other types of sensors. Commonality in vehicles' shapes
and standardized road signs have enabled machine learning algorithms to identify and predict the
movement of cars [25]. Although such systems offer outstanding solutions for devices that can be
hosted in large platforms, e.g. in an autonomous car for collision prevention [26], these are not
suitable for use in wearable systems. A major limitation is the high computational requirements
for real-time image processing. Another major issue is the privacy of the user. Video can reveal an
alarming amount of personal identi able information.

Active techniques like radar and LIDAR can certainly be used to detect the presence of ob-

stacles and even some of its spatial behaviors [27][28], but such solutions face great challenges
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in classifying what those obstacles are. This is particularly problematic in urban environments
where moving and stationary obstacles are abundant, but only a few are real threats to the user. On
the implementation side, the inherently high power dissipation of active transducers are usually
discouraging for portable devices.

Passive audio sensors, on the other hand, provide enough information to allow classi cation
and localization of the source with less computational and power requirements. But, unlike other
techniques already published [29][22][30], PAWS uses machine learning algorithms to improve
its predictions. By doing so, the system requires a large amount of learning data, but gains in
exibility, speed, and complexity. Audio classi cation has been used for event detection like,
coughing detection [31], gun shot detection [32], human activity (e.g. talking, crying, running
etc) detection [33]. These works mostly focus on identifying prominent sounds like gun shots or
shouting rather than noise-like car sounds. [34] classi ed subtle sounds like keyboard typing, door
knock etc. but all of the sounds were in an isolated environment not in real life noisy environment.
[35] considered bus and trucks as events but had a very low accuracy of 24%. Other signals like
video [36] [37] or seismic signals [38] have been used for vehicle detection but are not suitable for
a wearable system like PAWS.

Other works that leverage sensors to enhance pedestrian safety utilize sensors placed on the
shoe [39] or the camera on the smartphone [40], but these approaches are either unable to detect
and localize cars or provide limited coverage.

In recent years, developments in vehicle to vehicle, pedestrian, and infrastructure communica-
tions are beginning to allow cars and pedestrians to directly communicate with each other in close
proximity. Dedicated Short Range Communication (DSRC), a wireless protocol developed specif-
ically for vehicular networking, is becoming a popular protocol in vehicular networks to transmit
information and alerts [41][42], but is not natively supported on smartphones and require modi -
cations to existing vehicles. Solutions that leverage standard WiFi or cellular protocols generally
require every car to have a wireless transmitter [43][44], do not meet timing and latency require-

ments [45][46], or modify the SSID of smartphone WiFi beacons [47] and cannot be implemented
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on a smartphone with standard privileges. Additionally, a single pedestrian only requires our cus-
tom headset to receive the full functionality of PAWS and PAWS Low-Energy. In contrast, V2X
systems commonly require modi cations to support speci ¢ wireless protocols on all passing cars

before a single pedestrian can bene t.

2.2 Studying the Problem

Before developing PAWS into a wearable system, we studied the car sound recognition and
localization problem using a validation platform. The objective of this exercise was to analyze the
feasibility and complexity of our proposed solution and to determine the speci cations required to
capture the necessary information, e.g., audio sampling rate, sensor placement, and most relevant
features to use in the machine learning algorithms.

As shown in Figure 2.2, the platform directly connects eight MEMS microphones to a com-
puter. The microphones were placed on a mannequin head to reproduce the physical phenomena
of the nal setup, such as the acoustic shadow of the human head [48] and the approximate spacing
among sensors on a real user.

The study has been done in ve different locations in two different cites: a metropolitan area
and a college town. The locations were two parking spaces, a four-way intersection, and two multi-
lane streets. We analyzed recorded audio fibhdlifferent cars. Other than the parking spaces,
where we conducted our rst set of controlled experiments with labeled distances, directions, and

precise time-keeping of honks and car passing, all other scenarios were uncontrolled.

2.2.1 Recording Speci cations

In order to characterize the sounds of interest, such as an approaching vehicle's tire friction, en-
gine noise, and honks, we conducted controlled experiments in two parking lots (Figure 2.2 shows
one of the experiments). These results are later cross-checked against uncontrolled experiments'
for consistency.

Figure 2.3 shows the spectrogram of one of the recordings from the controlled experiments.
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Figure 2.2: Validation system: reference mannequin with eight MEMS microphones and data
acquisition board in a low-noise experimental setup.

Both the top and the bottom gures correspond to the same recording. Approximately 5s after the
recording starts, a car honks, resulting in distinct stationary tones with fundamental frequencies
near 500Hz. The vehicle then accelerates towards the mannequin. In the bottom gure, where the
lower part of the spectrogram is highlighted, we see the engine noise. The engine noise follows its
RPM. In an automatic car, the engine noise is bounded between 60Hz and 200Hz (at the 7 seconds
mark, the shift in the engine gear is noticeable). Once the vehicle gets closer to the mannequin, the
friction noise from the tires and asphalt gets louder. This noise has a band-limited spectrum with
more energy below 3kHz. When the car crosses the system near the 12s mark, a burst of air causes
a loud white noise. Similar spectrum components were found on several recordings of different
cars at similar speeds (20-30mph) on dry asphalt.

These observations indicate that to identify warning honks and vehicles that are still approach-
ing the user, the system audio must reliably capture frequencies from 50Hz to 6kHz. This require-
ment means that the system needs custom microphone drivers with a cut-off frequency of less than
10Hz (in contrast to standard headset microphones with approximately 100Hz cut-off frequency)

and analog-to-digital converters with sampling rates above 12kSamples/s.

15



Figure 2.3: Spectrogram of one of the recordings from the controlled environment. The car was
approaching the mannequin at 25mph.

2.2.2 Presence of a Car

The presence of a car can be determined from high-energy, sharp sounds like honks, as well as
from low-energy, noise-like sounds such as the sound of friction between a tire and the road. Being
able to detect cars based on friction noise is crucial given the increasing popularity of electric cars
with quieter engines.

Honks are louder and, thus, easier to detect than car tire or engine sounds. We analyze the
Mel-Frequency Cepstral Coef cients (MFCC) [49] of honks and compare them with non-honk
street sounds. We start with MFCC, since it is one of the most commonly used acoustic features

for detecting various types of sounds [50][51][52][53] including car sounds [54]. For visualization
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Figure 2.4: Distribution of honks and other types of sounds in a 2D feature space.

purpose, we reduce the 13-dimension MFCC features to two dimensions (using PCA [55]) and
the result is shown in Figure 2.4. We observe that honks are separable from other sounds as they
cluster around a different point in space. Honks are easily detectable using all 13 coef cients.
MFCCs, however, are not effective in detecting other types of car noises such friction between
tires and the road. The fundamental reason behind this is that the Mel-scale, expressed by
2595log,tl, 51000, was originally designed to mimic human hearing of speech signals that
maps frequencie§ Y1kHz somewhat linearly, and mas j 1kHz logarithmically. Our analysis
on tire friction sounds shows that about 60% signal energy is attributed to frequency components
below 1 kHz. Hence, to model such low-energy, low-frequency, noise-like sounds, we need to
develop a new feature that captures these sub-kHz characteristics. We propose this new feature in

Section 2.3.3.
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Figure 2.5: Normalized relative delays of the microphones for left and right honks.

2.2.3 Direction of a Car

To determine the direction, we record audio of cars approaching from different directions and
analyze their effect on the microphone set. Some of these recordings also have honks in them.
Intuitively, microphones that are closer to the sound source and are not obstructed by the human
head should receive signals earlier, and the signals should be stronger. Hence, the relative delays
and the relative energy of the received signals should be strong indicators of the direction of an
approaching car.

In Figure 2.5, we plot the relative delays of the microphones with respect to the front micro-
phone for left and right side honks. We see that the relative delays change signs for left and right
honks. We do similar tests with eight directions (each covering & ZDbcone surrounding the
mannequin) to successfully determine the directions of honks near the user.

Similarly, we plot the relative delays of the microphones for a car that passes the mannequin
from its left to the right (Figure 2.6). We observe that the relative delays are quite random on both
left and right ends. As the car approaches the mannequin, we see a trend in all the curves with
one or more of them reaching their peaks. The trend reverses as the car passes the mannequin.
This behavior suggest that patterns in relative delays (when they are looked at together) are useful

to determine the direction of passing. Hence, by learning the trend and the point when the trend
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Figure 2.6: Relative delay versus time of a car driving past a mannequin from its left to right.

reverses, it is possible to differentiate between a car on the left from a car on the right, as well as

their angular directions.

2.2.4 Distance of a Car

In an attempt to estimate the distance, we formulate a regression problem that maps sound
energy to distances. Later we realize that due to environmental noise and the weakness of car
sounds, a ne grained location estimation is extremely inaccurate when the car is farthgfthan
from the audio recorder. When the car is witldm, we nd that the maximum value of the
cepstral coef cients (computed every 100 ms) is approximately linearly correlated with distance,
as shown in Figure 2.7 for a car that is driven toward the mannequin. This relationship can be
exploited to form a regression problem that maps maximum cepstral coef cients to distances.

For cars farther thaBOm, although we are able to detect their presence and estimate their di-
rection, a precise distance estimation results in a large error. However, we learn that the distance
estimation problem can be formulated as a multi-class classi cation task by dividing the abso-
lute distances into a number of ranges such as (0, 20m], (20m, 40m], and (40m, 60m]. Each of
these ranges can be characterized with additional features, such as zero-crossing rate, and can be
classi ed accurately using a machine learning classi er.

As such, one option is to use a two-level approach for distance estimation. The rst level em-
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Figure 2.7: The maximum cepstral coef cient follows a trend when an approaching car is within
about 30m from an observer.

ploys a classi er to determine a coarse-grained distance range, and if a car is detected within the

nearest range, it applies regression to obtain a ne grained distance estimate. A second option is
to disregard estimating coarse-grained distance and only provide ne-grained distance measure-
ments via regression. As shown in Figure 2.7, for distances above 30 meters, the maximal cepstral
coef cient maps to approximately the same value. As such, the regression model inherently clas-

si es car distances into two coarse groups: greater than 30 meters and less than 30 meters away.
We considered both methods over the course of designing both phases of PAWS, as detailed in

Sections 2.3 and 2.4.

2.3 Overview of PAWS

PAWS is a wearable headset platform and smartphone application that uses ve microphones
and a set of machine learning classi ers to detect, identify, and localize approaching cars in real-
time and alerts the user using audio/visual feedback on his smartphone.

The system consists of three main components: sensors and their drivers, front-end hardware
for multi-channel audio feature extraction, and a smartphone host for machine-learning based ve-

hicle detection and localization, which are shown in Figure 2.8. Four of the MEMS microphones,
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Figure 2.8: A block diagram of PAWS. The components highlighted in red are portions of the
system that are enhanced and modi ed during the second phase of development to create PAWS
Low-Energy, which is discussed in Section 2.4.

labeled MIC1 to MIC4, are distributed over the user, at the left and right ear, back of the head,
and chest of the user, to provide relevant information about the sound source’s location. The
front-end hardware synchronously acquires analog signals from these microphones and locally
extracts acoustic features that are used by a smartphone application. PAWS performs signal pro-
cessing inside the front-end hardware so that only features need to be transmitted wirelessly to the
smartphone (via BLE) instead of large amounts of raw audio data. The front-end hardware is a
battery-powered embedded platform that is housed within the con nes of the headset that uses its
own set of microphones for sound processing. It does not interact with the speakers or microphone
of the headset. As such, a user would have not experience any degradation in sound or microphone
quality of the headset.

The standard microphone of the headset (the fth microphone, MIC5) is connected to the
3.5mm audio input of the phone. Data from the fth microphone is directly acquired by the smart-

phone. The audio from the smartphone/headset microphone is acquired in the same way as com-
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